Abstract-Electrocardiographic T wave peak-to-end interval (TpTe) is one parameter of T wave morphology, which contains indicators for hypoglycaemia. This paper shows the corrected TpTe (TpTe c ) interval as one of the inputs contributing to detect hypoglycaemia. Support vector machine (SVM) and fuzzy support vector machine (FSVM) utilizing radial basis function (RBF) are used as the classification methods in this paper. By comparing with the classification systems using inputs of corrected QT interval (QT c ) and heart rate only, the results indicate that the inclusion of TpTe c in combination with QT c and heart rate performs better in the detection of hypoglycaemia in terms of sensitivity, specificity and accuracy.
I. INTRODUCTION
Hypoglycaemia is a common complication of type 1 diabetic patients and major factor causing death [1, 2] . An early study showed that mild and severe hypoglycaemia occur in 58% and 26%, respectively, of insulin-treated diabetic patients [3] .
Varied methods have been developed for hypoglycaemia detection. One of them is a method which use ECG parameters where RR (distance of two nearest R points), RT c (interval from R point to peak of T wave with Bazzet correction), T wave amplitude, T wave skewness and T wave kurtosis are applied to detect hypoglycaemia [4, 5] .
The interval from the peak of T wave to its end (TpTe) is one of T wave morphology parameters in an electrocardiographic signal. In this paper, we use corrected TpTe (TpTe c ) with a correcting factor related to heart rate based on Bazzet formula). TpTe interval is suggested as a transmural dispersion index of repolarization [6, 7] . This is because there are differences in the repolarization time of myocardial cells, as illustrated in Fig. 1 . The T wave begins due to the deviation between epicardial and the M cells action potentials, and the deviation between endocardial and the M cells action potentials contribute to the descending part of the T wave. The end of the T wave can be found when all M cells are fully repolarized [7] .
A number of studies show that TpTe interval increases in patients with QT interval prolongation. It is reported in [8] that TpTe interval is an important parameter in identification of patient with long QT syndrome. Furthermore, ratio of TpTe interval to QT interval is a potentially significant index for arrhythmic event [9] . These results imply that both TpTe and QT intervals are important parameters contributing to ventricular repolarization.
QT interval represents the duration of ventricular depolarization and subsequent repolarization and, in electrocardiogram, is depicted as the interval from the start of the Q wave to the end of the T wave. Corrected QT interval (QT c ) is potentially meaningful for hypoglycaemia diagnosis. Hypoglycaemia results altered ventricular repolarization or prolonged QT c interval [10] [11] [12] and is predicted on account of sympathoadrenal stimulation [11] . Therefore hypoglycaemia detection system researchers utilize QT c as important input in the detection system [13, 14] . In hypoglycaemia detection research, the significance of TpTe interval is not yet widely investigated. In this paper, we will demonstrate the significance of the TpTe and a hypoglycaemia detection system without TpTe interval is given for comparison purpose. Support vector machine (SVM) and fuzzy support vector machine (FSVM) classification techniques are investigated into the hypoglycaemia detection. FSVM is a further classification technique of SVM, which works on the concept of decision planes that separate different class objects. SVM based classifications have ability to generalize well even with small size sample [15] . In FSVM technique, a fuzzy membership is introduced to each training sample and therefore different training points can differently contribute to the learning of decision surface [16, 17] .
The rest of the paper is organized as follows. In Section II, features extraction of the ECG signals and the classifiers of SVM and FSVM are described. The experimental results are presented in Section III and the conclusion for this research is drawn in Section IV
II. METHODS
The ECG signals of the type-1 diabetic patients are recorded using the Compumedics system and the correlated blood glucose levels are measured using Yellow Spring Instruments in five minutes interval. The ECG signals are acquired with a sampling rate of 512 Hz. Using MATLAB this work creates preprocessing of the ECG signals and extracts it to obtain QT interval, heart rate and TpTe interval. Heart rate, QT c (defined as QT/RR), and TpTe c (defined as TpTe/RR) are then used as inputs for the hypoglycaemia detection. There are two formations of inputs; the input which involves all the three parameters and the input which involves heart rate and QT c only.
This paper uses two classifiers, SVM and FSVM. The descriptions of SVM and FSVM are given below and the more detail discussions of SVM can be found in [18] and of FSVM in [17, 20] .
1) SVM classifier
An SVM is a classifier that constructs an optimal hyperplane separating binary class data. The optimal hyperplane is found through maximization of margin between the two classes. Suppose there are N dimensional data x i  R N positively or negatively labeled with y i {+1,1}, i = 1,…,n. SVM algorithm then determines the hyperplane (wx + b) that maximally separates positive and negative training data.
For binary data, training data satisfy equation of y i (wx + b)  1  0, where w is its normal, and support vectors are the data that lie in equality of this equation. SVM algorithm determines the optimum separating hyperplane that maximize distance, which is referred as margin, between two hyperplanes: wx + b = +1 and wx + b = 1.
When data are not separable, the algorithm introduces positive slack variable  i and then the maximization of the margin can be found by minimizing Searching the optimal hyperplane can be formulated through maximizing
subject to
The inner product in eq. (2) needs to be replaced by a kernel function to map the input data to higher dimensional space and so that nonlinearly separable data can be linearly classified. Radial basis function (RBF) kernel function 2 2 ( , ) exp 2
is applied in the SVM and FSVM classifiers in this paper. Finally, the output of the classification for xR N is given by
Another classifier used in this paper is FSVM. It introduces a fuzzy membership 0<  i <1 to each data point x i .
The optimal hyperplane problem can be regarded as the solution through minimizing .
III. EXPERIMENTAL RESULT
This work finds three ECG parameters: QT c , heart rate and TpTe c of the five type-1 diabetic patients with age of 160.7 years. It is an overnight monitoring for the natural occurrence of nocturnal hypoglycaemia. The parameters are then arranged in matrix form with three columns that represent QT c , heart rate (HR) and TpTe c . Each row of the matrix corresponds to the blood glucose level (BGL) which is classified as hypoglycaemic (BGL<3.3 mmol/l) or non-hypoglycemic.
The performances of the classification algorithms are presented using a leave-one-out cross-validation process. In the validation, the dataset is divided into 5 subsets (first patient to fifth patient) where one subset is used for testing and the remaining subsets are used for training and constructing the classification decision surface. The performances are measured in terms of sensitivity, specificity and accuracy. Sensitivity is defined as the ratio of positive hypoglycaemia decision number to the number of actual hypoglycaemia cases, and specificity is defined as the ratio of normoglycaemia decision number to the number of actual normoglycaemia cases. Accuracy is defined as the ratio of correct decision number to the total number of hypoglycaemia and normoglycaemia cases. The average values of sensitivity, specificity, and accuracy of the crossvalidation are used for comparison among the classification techniques.
The RBF kernel function has been applied in both classifiers and the comparison of performances in the crossvalidations between the classification using the three variables and the two variables is described in Table 1 . The classifiers apply the kernel function with variation of kernel parameter  (kernel width) from 51 to 131 with step of 10.
The table shows that the classifier with the best performance among the classifiers is the FSVM using the three inputs where the sensitivity, specificity and accuracy are 74.19%, 59.08% and 63.55% respectively. It also shows that the classification for the hypoglycaemia using FSVM yields a better performance. As indicated in the table, by including TpTe c the accuracies of both classifiers are improved with significant value of difference p < 0.01 for the FSVM and p < 0.05 for the SVM. These results indicate that the TpTe c is a potential ECG parameter which could be used to improve the performance of hypoglycaemia detection. The contribution of using TpTe c only for hypoglycaemia detection is an interesting problem and will be investigated separately in the near future. The graphs in Fig. 2 and Fig. 3 show that the performances of the classifiers in the cross-validation can vary on account of the different kernel parameter values and this kind result is also reported in other papers [21, 22] . In these classifications, the FSVM with the RBF kernel function parameter of 131 achieves highest performance in terms of sensitivity and accuracy. The trend of the performance declines above this kernel width. All graphs indicate that the classifiers using the three inputs perform higher performances than that of classifiers using the two inputs except the sensitivity of the FSVM with the kernel parameters of 91 and less. 
IV. CONCLUSION
This paper has compared the hypoglycaemia detection applying the ECG parameters of QT c and heart rate only against the detection which applies TpTe c in addition to the other two parameters. The result indicates that TpTe c contributes significantly to enhance the performance of hypoglycaemia detection. Furthermore, a comparison between SVM and FSVM is given. In conclusion, the best 
